In this paper a seizure detector using EEG and ECG signals, as a module of a 14 healthcare system, is presented. Specifically, the module is based on short-time analysis with time- 
Introduction

27
More than fifty million people worldwide, approximately 1% of the world population, suffer 28 from epilepsy, which is the third most common neurological disorder in the United States after
29
Alzheimer's disease and cerebrovascular events (Hauser, 1997) . Moreover, more than 30% of the epileptic patients suffer from seizures that are refractory to medication (Kwan & Brodie, 2000) .
1
Epilepsy can directly influence patients' quality of life because of treatment-related side effects, 2 cognitive and particularly memory dysfunction or injuries associated to seizures, potential psychiatric 3 co-morbidities and social isolation due to stigma, especially when it runs as a long term disease 4 (Bergley et al., 2000a). Moreover, there are indications that the members of the family or the caregivers 5 of patients are also experiencing multiple psychological or social difficulties in the form of depression 6 and social restriction (Ellis et al., 2000) . Apart from these negative effects to personal and social 7 parameters of life, the high annual budget spent for the healthcare activities related to the cost of 
12
This disease is manifested through recurrent epileptic seizures, resulting from an abnormal 
16
The underlying process of seizures occurrence is not completely understood yet, thus making their 
12
The subjective evaluation of biosignals, such as EEG and ECG, makes automatically extracted 
17
The general structure of the proposed in the literature methodologies for seizure detection 
21
In this article we evaluate a large scale set of time-domain and frequency-domain EEG and ECG
22
features for seizure detection, which are popular in the literature for brain and heart statistical signal 23 processing, respectively, as part of a module implementation in a monitoring system for e-Health.
24
Furthermore, we investigate the effect on the module's performance when using subsets of these 
28
The rest of this paper is organized as follows: In Section 2 we present the concept of the 29 ARMOR framework and explain the purpose of seizure detection in it. Section 3 presents the proposed 
26
During pre-processing the time-synchronized EEG and ECG recordings were frame blocked to 
11
The ECG channel was parameterized using the following features: the heart rate absolute value
12
and variability statistics of the heart rate, i.e. minimum value, maximum value, mean, variance,
13
standard deviation, percentiles (25%, 50%-median and 75%), interquartile range, mean absolute 14 deviation, range, thus resulting to a feature vector of dimensionality equal to 12. The heart rate 15 estimation was based on Shannon energy envelope estimation for R-peak detection algorithm, 
8
The above described module for seizure detection is part of the ARMOR framework as described 1 in Section 2, i.e. within the online and the offline analysis components. The modular architecture of the 2 ARMOR framework allows different configurations and setups in these two components, in order to 3 meet the requirements, i.e. real-time operation and maximum accuracy performance, respectively. In 4 the following, we evaluate the seizure detection module in online and offline scenarios.
6
Experimental Setup
7
The module for seizure detection described in the previous section was evaluated on data 
28
During the test phase, the EEG and ECG recordings are pre-processed and parameterized as in 
4
The seizure detection module presented in Section 3 was evaluated following the experimental 5 setup described in Section 4. The recordings acquired from three subjects (subject 07, subject 08 and 6 subject 09) were used for evaluating subject-dependent seizure detection models, i.e. the evaluated 7 training and test data subsets consisted of one subject in each experiment. In order to avoid overlap 8 between the training and the test data a ten-fold cross validation protocol was followed.
9
The confusion matrices for the SVM-based seizure detection models for the subjects 07, 08 and Table 3 . Seizure detection confusion matrix for subject 09 
19
As seen in the confusion matrices, the accuracy of detection of seizure varies from 92.31% (for 20 subject 07) to 77.78% (for subject 07), while the detection of clear intervals, i.e. interval recordings 21 without the presence of seizure, was found to be at least 99.24% for all three subjects. This variation in occurrences for subject 08 were significantly fewer than the ones of subject 07, which presented the 28 best seizure detection performance.
29
Seizure detection performance is also assessed in terms of accuracy, precision and recall, defined 
7
for the three evaluated subjects, 07, 08 and 09, are shown in Table 4 . 
12
As shown in Table 4 , the overall accuracy of seizure detection for the subjects 07 and 09 is above 
19
In a further step we examined the discriminative ability of the extracted features. 
2
The ReliefF algorithm revealed the logarithmic energy entropy value, the 2nd, 3rd, 4th and 7th 3 AR-coefficients, the zero-crossing rate and the standard deviation of the signal amplitude as the most 4 discriminative features. These features were ranked within the 10-best for all three evaluated subjects.
5
Moreover, the minimum mean and maximum value of the ECG signal as well as the three ECG 
11
During the online analysis of the ARMOR framework we are interested in applying tools 
18
three subjects (subject 07 is denoted with squared-dots, subject 08 is denoted with circle-dots line and 19 subject 09 is denoted with triangle-dots).
21
As can be seen in Figure 4 , for all three subjects the use of subset of features reduces the precision 
26
The seizure detection module, which is part of the ARMOR framework, supports both the online 
24
shown that the ECG signal is related to seizures.
25
The presented seizure detection module can be adapted both for an offline analysis, using a large- 
